We propose a novel perspective which is deeply rooted in individual investor trading behavior on testing the negative relation between skewness/lottery-like features and stock returns in the cross section. We construct a composite index to capture individual investor preference on stocks and find a monotonically increasing return predictability of skewness/lottery-like features with the index. Our findings suggest that it is individual investors who pay a price in exchange for a small probability to win a large payoff that leads to the negative relation between skewness and return. Our results are robust to various skewness and MAX measures.
INTRODUCTION
Several existing studies have proposed various models to predict the relation between the expected stock return and the return's third moment in the cross section (Brunnermeier and Parker 2005; Brunnermeier, Gollier, and Parker 2007; Mitton and Vorkink 2007; Barberis and Huang 2008) . Although these studies start from different sets of assumptions, their models imply that skewness (total or idiosyncratic) is negatively priced in the equilibrium because investors who have a skewness preference or who like stocks with lottery-like features choose to under-diversify and pay a price for it. This negative relation is largely supported by the empirical work of Zhang (2005) , Boyer, Mitton, and Vorkink (2010) , and Bali, Cakici, and Whitelaw (2011) , though their methodologies and measures of skewness are quite different.
In this paper, we propose a novel perspective which is deeply rooted in the literature of individual investors' trading behavior. Rather than focusing on the methodologies or skewness measurements, we argue that it is individual investors who have the preference for right-skewed or lottery-like stocks that potentially leads to the negative relation between skewness and return in the cross-section. Our idea originates from the studies of Kumar (2009), Kumar, Page, and Spalt (2011), Han and Kumar (2013) , and Gao and Lin (2015) who show that individual investors prefer trading lottery-like or positively-skewed stocks because they treat trading as a fun and exciting gambling activity. 1 Hence, we argue that to test the abovementioned models, researchers need to examine the differential return predictabilities of skewness among stocks preferred and not-preferred by individual investors. On the contrary, for institutional investors, their holdings of lotter-like stocks can be viewed as a sign for informed investing (Kumar and Page 2014) instead of a sign for skewness preference. Barberis and Huang (2008) also argue that their framework is not suitable for institutional investor. Even some poor-performed fund managers with compensation incentives may also exhibit gambling-like behavior (see, for example, Brown, Harlow, and Starks (1996) , Koski and Pontiff (1999) , Chen and Pennacchi (2009) ), it does not apply to wellperformed managers or to managers facing high employment risks (Kempf, Ruenzi, and Thiele 2009 ). To construct the index, for each stock, we average its rankings associated with these eight stock characteristics to produce a composite ranking index, similar to the methodology used in Stambaugh, Yu, and Yuan (2015) to rank return anomalies. A stock with high individual investor preference index indicates that it is more preferred by individual investors in the cross section. Sorting stocks based on this composite ranking allows us to capture multidimensional stock characteristics preferred by individual investors and examine how individual investor preference affects the relation between expected stock return and return skewness.
To capture skewness/lottery-like features, we adopt the maximum daily return within a month (MAX) proposed by Bali, Cakici, and Whitelaw (2011) in our main tests. We choose MAX as our main skewness measure because it presents a clear lottery-like feature that can help us link to the well-documented tendency of individual investors investing in lottery-like stocks (Kumar 2009; Kumar, Page, and Spalt 2011; Han and Kumar 2013; Gao and Lin 2015) 2 . Meanwhile, MAX also captures the low probability and extreme return states that drive the results in the model of Barberis and Huang (2008) . At the end of each month, we 2 In addition, Barber and Odean (2008) reports that individual investors trade stocks with extreme one-day returns, driven by limited attention. Their study is conducted at a daily horizon, while MAX presented in Bali, Cakici, and Whitelaw (2011) is a monthly measure. double sort stocks independently by MAX and our preference index into quintile portfolios and then examine the subsequent returns of these portfolios.
We find that MAX negatively and significantly predicts the cross-section of stock returns in portfolios highly preferred by individual investors. These results are robust to controlling for Fama and French factors (market, small-minus-big (SMB), high-minus-low (HML), robustminus-weak (RMW), conservative-minus-aggressive (CMA)) and Carhart's momentum factor. The negative return predictability of MAX monotonically decreases with our individual investor preference index. The predictability power of MAX completely disappears among stocks least preferred by individual investors. The patterns are similar when we double sort on MAX and institutional ownership or small trade fraction, which are proxies for the individual ownership and individual trading volume, respectively. Besides, the firm-level regressions with the interactions of MAX and the individual investor preference index yield consistent results. Our results support the idea that some individual investors are willing to pay a price in exchange for right-tail events.
To understand the drive of MAX strategy, we implement MAX strategies for subsamples, in which we sequentially exclude stocks with the highest preference index. The methodology is similar to that in Avramov, Chordia, Jostova, and Philipov (2007) . The results show that significant profits from MAX strategies are derived from a sample of firms that accounts for less than 25% of the total number of firms in the sample. When we exclude those firms strongly preferred by individual investors, the MAX strategy payoffs from the remaining firms become statistically insignificant. These results show that individual investors are the primary drive for the negative predictability of skewness/lottery-like features on subsequent stock returns.
We conduct several robustness checks to further confirm our results. Firstly, to verify the link between MAX and individual investors, we check the relation between maximum daily returns and subsequent individual trading behavior. We find that stocks with high MAX do attract individual investors to trade on them in the subsequent month, consistent with our story that individual investors are the key to the return spread of MAX strategy. Second, our results are robust to other skewness measures constructed under different horizons. We construct total and idiosyncratic skewness at 6-month horizon (as in Kumar (2009)), 12-month horizon (as in Bali, Cakici, and Whitelaw (2011) ), and 60-month horizon (as in Boyer, Mitton, and Vorkink (2010) ), as well as the regression-based expected idiosyncratic skewness proposed by Boyer, Mitton, and Vorkink (2010) . Unlike the existing empirical evidence, we find a consistent return predictability of skewness when the individual investor preference index is introduced as an additional dimension.
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Under every specification, skewness only negatively predicts subsequent stock returns among stocks highly preferred by individual investors. The predictability power disappears among stocks least preferred by individual investors. Fama-MacBeth (1973) regressions yield similar results. These findings suggest that it matters more what types of stocks to examine than which measure of skewness or which methodology one adopts to test the return predictability of skewness. Last, our results are robust when we replace the maximum daily return by the average of the N (N=2,3,4,5) highest daily returns within the month, similar to the robustness checks in Bali, Cakici, and Whitelaw (2011) . The return patterns are very similar to the main results.
The negative predictability power of MAX (N) is mainly driven by the stocks preferred by individual investors.
One might associate our findings to the limits of arbitrage. However, we believe that arbitrage constraints do not explain our results. For this alternative story to work, the skewness/lottery-like spread has to be an anomaly induced from market inefficiency and 3 For example, Bali, Cakici, and Whitelaw (2011) cannot replicate the findings in Zhang (2005) and Boyer, Mitton, and Vorkink (2010) and conjecture that differences in methodology presumably might account for the discrepancy since they predict returns at firm level, while the other studies examine the relation at portfolio level.
frictions to begin with. Yet, the existing theories we test argue otherwise. In Mitton and Vorkink (2007) , skewness preference is directly incorporated into the utility function, while in Brunnermeier and Parker (2005) , Brunnermeier, Gollier, and Parker (2007) , and Barberis and Huang (2008) , skewness steps in through the perceived probability. With different modeling tools, skewness in these models is negatively priced as an optimal market equilibrium outcome. Investors are willing to holding positively-skewed stocks and bear a low return as an exchange for a right-tail event.
Another alternative interpretation of our evidence is that skewness/lottery-like features, especially MAX, may be proxies for short-term reversal. When sorting stocks by MAX, high MAX stocks mechanically have a high return in the previous month. We handle this concern in two ways. At portfolio level, we include a short-term reversal factor when estimating riskadjusted alphas of high-minus-low strategies. The conditional pattern still exists after controlling for this additional factor. 4 At firm level, short-term reversal is controlled in the cross-sectional regressions. Even though short-term reversal has a strong predictability on stock returns, it does not subsume the effect of skewness/lottery-like features. In addition, Bali, Cakici, and Whitelaw (2011) also argue that results on MAX are not driven by daily or weekly microstructure effects which are not captured by monthly returns.
Our paper contributes to the literature in several ways. First, our results shed light to the theoretical studies on the relation between the expected stock returns and third moment by showing that return predictability is mainly driven by stocks preferred by individual investors.
Our results are consistent with the individual trading literature that some individual investors prefer lottery-like stocks and are willing to pay a price in exchange for right-tail events.
Second, our paper also adds to the empirical literature on testing these aforementioned models.
One of the primary challenges for this line of research is that skewness is difficult to measure: 4 These results are reported in the Internet Appendix. it is not stable over time, strongly influenced by outliers, and subject to seemingly arbitrary trailing windows.
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Our findings indicate that considering the preference of individual investors as an additional dimension yields robust and consistent results across methodologies and measurements. When conditioning on individual investor preference, all measures of skewness/lottery-like features yield consistent results at both portfolio-level and firm-level.
Finally, we also add to the individual investor trading literature by proposing a composite index to capture individual investor preference. This individual investor preference index enables us to directly compare the relative tendency of individual investors' concentration in the cross-section and to test the influence of individual investors in the stock returns dynamics.
The remainder of the paper is as follow. Section 2 describes data and index construction, Section 3 provides our main analysis on MAX and the preference index. In Section 4.1, we conduct subsample analysis to understand the drive of MAX spreads; Section 4.2 checks whether individual investors indeed chase high MAX stocks; Section 4.3 and Section 4.4 provides robustness checks across different skewness measures and different MAX specifications. Section 5 concludes.
DATA AND INDIVIDUAL INVESTOR PREFERENCE INDEX

Data
We use Center for Research in Security Prices (CRSP) data containing common share stocks listed in New York Stock Exchange (NYSE), American Stock Exchange (Amex), and NASDAQ. We use daily stock returns to calculate the monthly maximum daily return (MAX) for each stock in each month, as well as variables including market beta, idiosyncratic volatility, and co-skewness. We use daily volume to calculate a measure for illiquidity (ILLIQ) 5 See, for example, Harvey and Siddique (1999), Chen, Hong, and Stein (2001) , Boyer, Mitton, and Vorkink (2010, Gao and Lin (2015) . based on Amihud (2002) . Daily volume and shares outstanding are used to calculate average turnover ratio. We use monthly returns to calculate proxies for momentum and short-term reversal. Share prices and shares outstanding are used to calculate market capitalization. Net stock issuance is calculated from split-adjusted share outstanding. We use distribution information provided by CRSP to identify whether a stock has paid dividend in the previous year.
We use quarterly Compustat to obtain the equity book values, profitability measures (EPS, net income, ROE, ROA, gross profit), asset growth rate, and accruals. Institutional holdings are obtained from Thomson Reuters 13F to calculate the percentage of institutional ownership.
All accounting data and institutional holdings are lagged for two months to ensure their availability to the market, and then held constant for three months until new information arrives.
We construct small trade fraction using the Trade and Quote (TAQ) database, which contains intraday, tick-by-tick trade, and quote data of all activity within the U.S. National Market System. We identify each trade in TAQ as buyer or seller initiated following the procedure outlined in Lee and Ready (1991) . All variables are defined in detail in the Appendix.
Capturing individual investor preference
One way to measure what types of stocks individual investors prefer is to examine their holdings. Since we do not have account-level information across the stock universe, we can only estimate it in the aggregate level through quarterly institutional ownership data. The higher the institutional ownership for a stock, the lower the individual ownership. If we assume that individual investors' trading volume is positively related to their holdings, then we anticipate that the negative relation between stock return and skewness should be stronger Institutional investment managers who exercise investment discretion over $100 million or more in Section 13(F) securities must file Form 13F. See Section 13(F)(1) of the Securities Exchange Act.
Besides institutional ownership and small trade fraction, we also consider low price-level and high idiosyncratic volatility as characteristics preferred by individual investors, as outlined in Kumar (2009) . We take the absolute value of month-end price from CRSP as the price-level. Idiosyncratic volatility is constructed as the standard deviation of the residual obtained by fitting Fama and French (1993) and Carhart (1997) four-factor model to the daily stock returns time-series over the previous six months.
Existing studies also show that individual investors prefer stocks with low market capitalization (Barber and Odean 2000; Gompers and Metrick 2001; Gao and Lin 2015) .
Besides, Gao and Lin (2015) argue that individual investors prefer stocks with low profitability, as proxied by earnings per share. Hence, we also consider low profitability as an additional stock characteristic preferred by individual investors. To get a robust proxy for profitability and to mitigate the concern of data mining on a particular measure, we adopt five profitability measures (earnings per share, return on equity, return on assets, net income over total assets, and gross profit over total assets) and bundle them up into a composite profitability rank. Specifically, we rank all stocks in our sample by each of the five profitability measures. The lower the profitability of a stock, the higher rank it gets. A stock's profitability rank is the arithmetic average of its ranking percentile across each of the five profitability measures.
Moreover, Barber and Odean (2000) argue that individual investors prefer stocks with high book-to-market ratio. The book value of equity is computed at quarterly level. The last stock characteristic we consider is dividend payment. Graham and Kumar (2006) show that individual investors in general prefer non-dividend-paying stocks. Hence, at the end of each month, any stock that makes a dividend payment in the previous year is classified as a dividend-paying stock.
Individual investor preference index
Motivated by existing literature, we combine the above-mentioned eight stock characteristics into a monthly composite index that captures the individual investors' concentration in the cross-section of stocks. Our way of constructing the composite individual investor preference index is in the same spirit as the anomalies index in Stambaugh, Yu, and Yuan (2015) . 7 To be specific, for each stock characteristic, we assign a percentile rank to each stock that reflects the sorting on that given characteristic, where a higher rank is assigned to the value of the characteristic more preferred by individual investors (i.e., lower institutional ownership, higher small trade fraction, lower price-level, higher idiosyncratic volatility, lower market capitalization, higher profitability rank, higher book-to-market ratio, and non-dividend payment). All accounting and ownership variables are lagged for two months to insure market availability and are kept constant until new information arrives. A stock's composite rank is then the arithmetic average of its ranking percentile for each of the eight characteristics. 8 We refer to the stocks with the highest composite ranking as the most preferred stocks by individual investors and to those with the lowest ranking as the most disliked stocks by individual investors. While each stock characteristic itself is a potential preference proxy, our objective in combining them is to produce a single measure that diversifies away some noise in each characteristic and thereby increases comprehensiveness when capturing the individual investor preference.
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For the main analysis, we include stocks for which at least six of these characteristics can be computed. We drop this restriction in the robustness checks. The index starts in January 1976 to ensure enough sample in early time. 7 We thank an anonymous referee for this suggestion. Since dividend payment is a dummy variable, we assign the highest ranking percentile to non-dividend paying stocks, and the lowest ranking percentile to dividend paying stocks.
This individual investor preference index is constructed in the cross-sectional fashion, so the index only reflects a relative tendency of individual investor trading in a given month.
We acknowledge that we are not able to precisely pin down the individual trading through these eight characteristics. However, as our goal is to show that the negative relation between expected stock return and skewness is largely driven by stocks preferred by individual investors, a reasonable composite measure that helps us to rank stocks accordingly would serve our purpose. These portfolios exhibit noteworthy patterns. As we move from the low MAX quintile to the high MAX quintile, the average of MAX increases from 2.03% to 18.38%. These values are in line with the numbers reported in Bali, Cakici, and Whitelaw (2011) and Bali, Brown, Murray, and Tang (2014) .
Summary statistics
MAX and the eight stock characteristics are clearly correlated. Institutions on average hold less high MAX stocks. The average institutional ownership drops from 40% to 22% as MAX increases from lowest quintile to the highest quintile. This is not surprising as institutional investors tend to invest in large-cap stocks (Gompers and Metrick 2001). Second, high MAX stocks are traded more by individual investors, as indicated by small trade fraction. For stocks in the highest MAX quintile, about 36% of the total monthly trading volume comes from small trades, i.e., trades with dollar volume less than 5,000 USD. This ratio is only about 6% for stocks in the lowest MAX quintile.
Moreover, stocks with higher MAX are generally associated with higher profitability ranking (lower profitability), lower market capitalization, lower price-level, higher idiosyncratic volatility, higher book-to-market ratio, and less likely to pay dividend in the previous year. Not surprisingly, the patterns are also reflected in the composite individual investor preference index. Stocks in the highest MAX quintile receive an average ranking of 67, while stocks in the lowest MAX quintile only receive an average ranking of 37.
MAIN RESULTS
Bivariate Portfolio-level Analysis
In this section, we test the negative relation between MAX and future stock returns conditioning on individual investor preferences. At the end of every month, we construct MAX following Bali, Cakici, and Whitelaw (2011) and individual investor preference index as outlined in the previous section. We conduct independent double sorts at the end of each month by MAX and by the composite index and examine the subsequent portfolio returns.
Panel A of Table 2 reports these results. In addition, we also report the independent double sorting results on two major ingredients from the composite index, i.e., institutional ownership and small trade fraction, in Panels B and C respectively. These two variables represent ownership-based and trade-based measures of individual investor preference, respectively. Compared with the other six stock characteristics in the index, we believe that these two better reveal the stock preference of individual investors. Results on the other six stock characteristics can be found in Internet Appendix.
[TABLE 2 HERE]
For each set of test, we first report the value-weighted average returns from all 25 (5×5) portfolios (columns 1 to 5) and then calculate the return differences between high MAX portfolio and low MAX portfolio for each of the individual investor preference index quintile (column 6). These raw return differences are further adjusted by Fama and French (1993) three-factor model (column 7), Fama-French-Carhart four-factor model (column 8), Fama and French (2015) five-factor model (column 9), as well as a six-factor model with the five factors from Fama and French (2015) and the momentum factor from Carhart (1997) (column 10).
Newey-West adjusted test statistics are reported in parentheses.
Panel A of Table 2 shows that the negative return predictability of MAX is monotonically increasing with the individual preference index. The raw return for the high-minus-low MAX spread in the lowest individual preference index quintile is close to zero with a t-stat of 0.17.
On the contrary, the high-minus-low MAX spread in the highest individual preference index is -1.59% with a t-stat of -3.60. This monotonicity pattern is robust to all factor models. For example, in column 10, the six-factor-adjusted return for the high-minus-low MAX spread in the lowest individual preference index quintile is 0.37% (t-statistic = 1.36), while the sixfactor risk-adjusted return for the high-minus-low MAX spread in the highest individual preference index is -1.32% (t-statistic = -3.02).
A similar pattern is shown in Panel B of Table 2 , where we replace our composite index by institutional ownership as a proxy for individual investors' preferences. We find that MAX only negatively predicts returns among low institutional ownership portfolios. The highminus-low spread on MAX drops from -1.46% (t-statistic = -3.47) to -0.33% (t-statistic = -1.04) as we move from the lowest institutional ownership quintile to the highest institutional ownership quintile. This pattern is also quite robust to all factor models. The six-factoradjusted high-mins-low MAX spread is -1.04% (t-statistic = -3.58) for lowest ownership quintile portfolios, while the six-factor-adjusted high-minus-low MAX spread is 0.24% and statistically insignificant (t-statistic = 0.96)
Panel C of Table 2 shows the results when small trade fraction is used as an alternative proxy for individual investor preference. As outlined in the previous section, we construct small trade fraction as the percentage of small trade volume over total volume each month.
Consistent with the findings in the first two panels, we can only observe the negative return predictability of MAX on stocks with high small trade fraction quintiles. In addition, we find very similar results when using dollar volume instead of share volume to construct our proxy.
This additional result can be found in Internet Appendix.
Collectively, all three panels in Table 2 . This new dimension is rooted in the individual investors' trading behaviors yet unexplored in the previous empirical studies. The evidence in this subsection supports our argument that it is individual investors who have the preference for right-skewed or lottery-like stocks that leads to the negative relation between skewness and return in the cross-section, and they are willing to pay a price for right-tail events. The negative predictability we find here is also consistent with Conrad, Dittmar, and Ghysels (2013) and Eraker and Ready (2015) who find a negative relation between option-implied skewness and subsequent stock returns and a similar pattern in the OTC market, respectively. 
Fama-MacBeth Regressions
So far we have tested the conditional return predictability of MAX on the cross-section of stock returns at portfolio-level. The main advantage of double-sort analysis is that it offers a simple picture of how average returns vary across the spectrum of anomaly variables such that we do not impose a functional form on the relations. However, we cannot control for some known features that have asset pricing implications in the cross section. Hence, in this 10 Our results are not driven by small stocks as we find similar results after excluding all stocks with prices below $5 per share.
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The result is also in line with An, Wang, Wang, and Yu (2015) who find that the underperformance of lotterylike stocks are reference dependent as individual investors might exhibit stronger pattern of referencedependence decision making process. subsection, we conduct Fama and MacBeth (1973) regressions to see if the results from the portfolio-level analysis still hold at firm-level.
We examine whether the return predictability of MAX is higher for stocks preferred by individual investors. To be consistent with the previous portfolio-level analysis, we first divide our sample into five groups according to the individual investor preference index. Each group is then assigned a dummy variable that equals one if a stock is in that group. To be specific, I (port=Low) is a dummy variable that equals one if a stock is in the lowest index quintile and otherwise zero; I (port=High) is a dummy variable that equals one if a stock is in the highest index quintile and otherwise zero; I (port=2), I (port=3) and I (port=4) are defined accordingly. When we test institutional ownership and small trade fraction, these five dummies are defined in the similar fashion. By doing this, we divide a single regression coefficient that appears in Bali, Cakici, and Whitelaw (2011) into five so that we can observe how the predictability of MAX varies conditioned on the spectrum of stock characteristics preferred by individual investors.
We present the time-series averages of the slope coefficients from the regressions of stock returns on the five interaction terms (MAX×Dummy), preference proxy, market beta (BETA), log market capitalization (SIZE), book-to-market ratio (BEME), momentum (MOM), shortterm reversal (STREV), illiquidity (ILLIQ), idiosyncratic volatility (IVOL), co-skewness (COSKEW), net stock issuance (NS), asset growth (ASSETG), accruals (ACCRUALS), and average stock turnover rate (TURNOVER). The average slopes provide standard tests for determining which variables have non-zero explanatory power on average. Monthly crosssectional regressions are performed for the following specification:
Ri,t+1=λ0,t+Σj λj,t MAX×I(port=j)+λ6,t PROXYi, t+λ7, t BETAi, t+λ8, t SIZEi, t+λ9, t BEMEi, t +λ10, t MOMi, t+λ11, t STREVi, t+λ12, t ILLIQi, t+λ13, t IVOLi, t+λ14, t COSKEWi, t+λ15, t NSi, t +λ16, t ASSETGi, t+λ17, t ACCRUALSi, t+λ18, t TURNOVERi, t+εi, t ( 1) where Ri,t+1is the realized return on stock i in month t+1, MAX is the maximum daily return from the previous month, I(port=j) are the five dummies according to the preference proxy quintiles, PROXYi,t is the variable used to proxy for individual investors' preferences. Detailed definition for all control variables can be found in Appendix. The predictive cross-sectional regressions are performed with the one-month lagged values of the right-hand side variables.
Variables are winsorized at 1% and 99% percentiles to eliminate the potential influence of outliers. Table 3 reports the time-series average of the slope coefficients for our sample over the 468 months from January 1976 to December 2014. The Newey-West adjusted t-statistics are provided in parentheses.
[ The first column of Table 3 shows a clear pattern that the negative predictability of MAX only appears in stocks with high preference index. The average coefficient of MAX in the highest index quintile is -0.051 with a t-statistic of -5.80. As shown in Table 1 , the spread in the average MAX between quintile 5 and quintile 1 is about 16.32%. Multiplying this spread by the average coefficient yields an estimate of the monthly risk premium about 0.83% per month. This result is both economically and statistically significant. However, as preference index drops from the top quintile to the bottom quintile, the negative relation of MAX and subsequent stock returns gradually disappears.
A similar pattern can be found when we test MAX conditional on institutional ownership (column 2) and small trade fraction (column 3). The average slope coefficient of MAX is -0.044 (t-statistics = -5.62) for stocks in the lowest institutional ownership quintile, and the average slope coefficient of MAX increases as institutional ownership goes up. On the other hand, the average slope coefficient of MAX is -0.076 (t-statistics = -7.00) for stocks in the highest small trade fraction quintile, and the average slope coefficient of MAX decreases as small trade fraction goes down. These two columns corroborate our results on individual preference index that the negative predictability of MAX is stronger conditional on stocks preferred by individual investors.
Fama-MacBeth regression coefficients provided in Table 3 are in line with the portfoliolevel analysis provided in Table 2 . The negative return predictability of MAX in the crosssection only exists for stocks preferred by individual investors. These results support our argument that some individual investors prefer lottery-like/right-skewed stocks in the market, and they are willing to pay a price in exchange for right-tail events.
ROBUSTNESS CHECK
In this section, we conduct additional tests to establish robustness of our main results. In 
Subsample Analysis
In the previous section, we have examined how individual investor preference affects the relation between MAX and stock returns at both portfolio-level and firm-level analyses. We now turn to implementing the univariate MAX strategy in Bali, Cakici, and Whitelaw (2011) with subsamples. In particular, we start with the entire sample and then sequentially exclude firms with highest composite individual investor preference index. This analysis helps to pin down the subsample of firms that drive MAX spreads. Basically, we follow Avramov, Chordia, Jostova, and Philipov (2007) who adopt this methodology to understand the drive of momentum profits on credit rating subsamples.
[ Table 4 reports the average payoffs from MAX strategy in each subsample as we sequentially drop firms with highest composite preference index. Portfolios are rebalanced every month, and we report the time-series average of four-factor and five-factor adjusted MAX spreads, the time-series average of percentage of market capitalization, and the time series average of the percentage of the total number of firms included in each subsample.
Newey-West t-statistics for the MAX profits are provided in the parentheses. We divide the whole sample into twenty groups based on our composite index. As we sequentially drop firms within the highest index group, the MAX profits drop monotonically. The four-factor adjusted payoffs to MAX strategy become insignificant when the top 65% of the firms in preference index are excluded from the sample. This 35% remaining firms account for more than 90% of the market capitalization of the whole sample. The five-factor adjusted payoffs to MAX strategy become insignificant when the top 30% of the firms in the individual investor preference index are excluded from the sample. The 70% remaining firms accounts for about 99% of the market capitalization of the whole sample.
Alternatively, we can sequentially drop firms in the lowest index group. The MAX profits increase monotonically as stocks with less tendency of individual investor concentration are excluded. This result (reported in Internet Appendix) is in line with the previous finding that the MAX phenomenon is mainly driven by the stocks highly preferred by individual investors.
MAX and subsequent trading
Up to this point, we focus our analysis on asset pricing tests and find that MAX spread is mainly driven by stocks preferred by individual investors, supporting our argument that some [ Table 5 by these buy-volume ratios.
Panel B of Table 5 These analyses complement our previous tests by showing that individual investors are the major traders for stocks that experienced high maximum return in the previous month. The result supports our argument that it is some individual investors who have preference for stocks with right-tail event potential and are willing to pay a price for it.
Skewness measures
For the previous analyses, we adopt the maximum daily return from the previous month (MAX) proposed by Bali, Cakici, and Whitelaw (2011) to capture lottery-like/positiveskewed features. In this subsection, we replace MAX by seven skewness measures to check if our main results still hold. We expect to see that the conditional negative predictability of MAX on stocks preferred by individual investors remains for alternative skewness measures.
Existing literature uses various time horizons to construct skewness proxies. Kumar (2009) computes skewness using daily returns from the previous six months. Bali, Cakici, and Whitelaw (2011) construct skewness by daily returns from the past twelve months. Boyer, Mitton, and Vorkink (2010) apply a 60-month time window. We try all these time horizons to compute skewness in this subsection. At the end of each month t, we compute both total and idiosyncratic skewness (TSKEW/ISKEW) measures using daily returns from the previous 6/12/60 months. We also follow Boyer, Mitton, and Vorkink (2010) and construct expected idiosyncratic skewness at 60-month horizon (EISKEW).
The way to construct idiosyncratic skewness also varies in the existing studies. In Kumar (2009) and Bali, Cakici, and Whitelaw (2011) , idiosyncratic skewness measures are constructed following Harvey and Siddique (2000) . Specifically, idiosyncratic skewness is a scaled measure of the third moment of the residual obtained by fitting a two-factor model to the daily stock returns time series, where the two factors are the excess market returns and the squared excess market returns. In Boyer, Mitton, and Vorkink (2010) , idiosyncratic skewness is defined as the third moment of the residual obtained by fitting Fama and French (1993) three-factor model to the daily stock returns time series. We strictly follow these papers when constructing skewness measures for different time windows accordingly.
At the end of each month, we double sort stocks by one of the skewness measures and by the individual investor preference index independently, and then compute subsequent valueweighted portfolio returns. The results are provided in Table 6 in a similar fashion as those in Panel A of Table 2 .
[TABLE 6 HERE] Table 6 shows that, whichever skewness measure is adopted, skewness only negatively predicts the cross-section of returns among stocks preferred by individual investors. The predictability power decreases with the composite preference index. Panel A of Table 6 reports the double sorting results based on total skewness constructed in 6-month horizon.
The high-minus-low spread on TSKEW among stocks in the highest index quintile is about -1.03% (t-statistic = -3.81), while the high-minus-low spread on TSKEW among lowest index quintile is 0.08% (t-statistic = 0.59). Panel B of Table 6 , idiosyncratic skewness constructed in 6-month horizon shows similar patterns. The high-minus-low spread on ISKEW is only negatively significant among stocks in the highest index quintile, with an average spread of -1.10% and a Newey-West adjusted t-statistic of -3.88.
In Panels C and D, we report the results regarding the return predictability of total and idiosyncratic skewness constructed in 12-month horizon, respectively. The high-minus-low spread of TSKEW is only negative and significant among stocks in the highest preference index quintile, with average return of -1.25% (t-statistic = -4.61) , while the high-minus-low spread of ISKEW is also only negative and significant among stocks in the highest preference index quintile, with average return of -1.33% (t-statistic = -4.86). No robust patterns can be found for other index quintiles. Although Bali, Cakici, and Whitelaw (2011) report a puzzling positive correlation between skewness and subsequent stock returns, our results indicate that the negative correlation between skewness and return exists as long as one conditions on the individual investor preferences.
In Panels E, F, and G, we test total skewness, idiosyncratic skewness, and expected idiosyncratic skewness at 60-month horizon, respectively. These three panels produce consistent results with the previous ones. The high-minus-low spread on TSKEW among stocks in the highest index quintile is -1.13% (t-statistic = -3.00) in Panel E, the high-minus- In addition, the return patterns presented in Table 6 are robust after controlling for Fama and French factors (market, small-minus-big (SMB), high-minus-low (HML), robust-minuisweak (RMW), conservative-minus-aggressive (CMA)) and Carhart's momentum factor, as shown in the last four columns in each panel. These results show that our findings are not driven by these well-documented factors.
In Table 7 , we perform Fama-MacBeth regressions to check if the results from Table 6 hold at firm-level. Similar to the analysis reported in Table 3 , we first divide our sample into five groups according to the composite individual investor preference index, and then assign dummy variables for each group. We present the time-series averages of the slope coefficients from the regressions of stock returns on the five interaction terms (SKEW×dummy), as well as the control variables. Newey-West t-statistics are provided in the parentheses.
[ Each column in Table 7 reports results for each of the seven skewness measures respectively. All these columns show consistent results: the average slope coefficients for skewness are only negative and significant among stocks highly preferred by individual investors.
Evidence shown in Table 6 and Table 7 supports our argument that focusing on stock characteristics preferred by individual investors is the key to test the theories on the relation between the third moment and the cross-section of expected stock returns. It matters more what types stocks to focus on, rather than which measure, or which methodology one adopts.
By taking this important dimension into our analysis, we are able to provide a framework to understand the lottery-related anomalies in the literature and reach a consistent conclusion. Bali, Cakici, and Whitelaw (2011) propose the monthly maximum daily return from the previous month (MAX) as a proxy for lottery-like features. To mitigate the seemingly arbitrary choice on a single day of maximum return, they also examine alternative constructions of MAX (N) based on the average of the top N (N=2,3,4,5) daily returns within the month. Following their method, we also replace MAX by MAX (N) (N=2,3,4,5) to see if our main results hold across these alternative specifications of MAX.
Alternative construction of MAX
[ In Table 9 , we provide Fama-MacBeth regressions results on the interactions of MAX (N) and preference index. Similar to the double sorting results in Table 8 and the firm-level regressions in Table 3 , the time-series average coefficients on MAX(N) are only negatively significant among stocks with high composite preference index.
Results in Table 8 and Table 9 show that our main results are robust under alternative specifications of MAX that skewness/lottery-like features only negatively predict the crosssection of stock returns among stocks preferred by individual investors.
CONCLUSION
In this paper, we propose a novel perspective on testing the relation between the third moment and the cross-section of expected stock returns. Our idea originates from the literature on skewness preference of individual investors. We focus on this important angle unexplored in the previous empirical studies that it is individual investors who may be willing to pay a price to hold right-skewed/lotter-like stocks.
Based on this conjecture, we test the negative relation between skewness and stock return conditioning on stocks preferred by individual investors. We construct a composite index that captures individual investor preference by bundling up eight stock characteristics that have been shown to be associated with concentration of individual investors: 1) institutional ownership; 2) small trade fraction; 3) price-level; 4) idiosyncratic volatility; 5) market capitalization; 6) profitability; 7) book-to-market ratio; 8) dividend payment. We find a prevailing pattern that skewness/lottery-like features only negatively predict the cross-section of stock returns among stocks preferred by individual investors. The findings hold at both portfolio-level and firm-level. Subsample analysis and subsequent trading records both point to the same conclusion that individual investors are the driving force of return predictability of skewness.
Finally, our results are robust to alternative measures of skewness including total, idiosyncratic, and expected skewness constructed using various past return windows. Our results also hold when we use alternative definitions of MAX.
APPENDIX. VARIABLE DEFINITION
MAX: MAX is the maximum daily return within a month following Bali, Cakici, and Whitelaw (2011) :
where Ri,d is the return of stock i on day d and Dt is the number of trading days in month t.
MAX(N):
The average top N (N=2,3,4,5) daily returns within a month, following Bali, Cakici, and Whitelaw (2011) TSKEW: TSKEW is total skewness, which is a scaled measure of the third moment of daily return time series:
where Ri,d is the return of stock i on day d and Dt is the number of trading days, μi is the mean of daily returns for stock i, and σi is the standard deviation of daily returns for stock i. We construct TSKEW over the previous 6 months, 12 months, and 60 months.
ISKEW: ISKEW is idiosyncratic skewness, which is a scaled measure of the third moment of residuals obtained by fitting a factor model to the daily stock returns time series. Following Kumar (2009) and Bali, Cakici, and Whitelaw (2011) , we construct ISKEW over the previous 6 months and 12 months by using a two-factor model following Harvey and Siddique (2000) .
Specifically, ISKEW is the third moment of residuals from the following regression for each stock:
where Ri,d is the return of stock i on day d, Rm,d is the market return on day d, rf,d is the riskfree rate on day d, and εi,d is the idiosyncratic return on on d.
We construct ISKEW over the previous 60 months by using Fama and French (1993) threefactor model, following Boyer, Mitton, and Vorkink (2010) .
EISKEW:
EISKEW is the expected idiosyncratic skewness in Boyer, Mitton, and Vorkink (2010) .
IVOL: IVOL is idiosyncratic volatility. Following Kumar (2009), we estimate idiosyncratic
volatility as the variance of the residual obtained by fitting a four-factor model to the daily stock return time-series over the past six months.
PROFITABILITY: we adopt five measures to proxy for profitability and bundle them up into a profitability ranking as one of the ingredients for individual investor preference index.
These five measures are: 1) earnings per share (EPSPIQ); 2) net income (NIQ) over total assets (ATQ); 3) return on equity, defined as income before extraordinary items (IBQ) over book equity; 4) return on assets, defined as income before extraordinary items (IBQ) over total assets (ATQ); 5) gross profit, the difference between revenue (REVTQ) and costs of goods sold (COGSQ), divided by total assets (ATQ).
BETA:
Beta is market beta. We use the lag and lead of the market portfolio as well as the current one when estimating market beta to take into account nonsynchronous trading, following Scholes and Williams (1977) and Dimson (1979) :
where Ri,d is the return of stock i on day d, Rm,d is the market return on day d, rf,d is the riskfree rate on day d. We estimate beta for each stock using daily returns every month. The market beta of stock i in month t is defined as the sum of three beta coefficients.
SIZE:
Size is firm size, measured by the natural logarithm of the market value of equity BEME: BEME is book-to-market ratio, defined as book equity over market equity. Following Jegadeesh and Titman (1993) , the momentum variable for each stock in month t is defined as the cumulative return on the stock from month t-12 to month t-2.
MOM:
STREV: STREV is short-term reversal, defined as the return on the stock over the previous month, following Jegadeesh (1990) and Lehmann (1990) .
ILLIQ:
ILLIQ is an illiquidity measure following Amihud (2002) , the monthly average ratio of absolute daily return over daily trading volume. We require a minimum of 10 nonmissing daily trading volume to calculate this illiquidity proxy.
COSKEW: COSKEW is co-skewness, defined as:
where Ri,d is the return of stock i on day d, Rm,d is the market return on day d, μi is the average daily returns for stock i, μm is the average daily market return, σi is the standard deviation of daily returns for stock i, σm is the standard deviation of daily market returns. We estimate coskewness each month using daily returns from the past 12 months.
NS:
NS is net stock issuance. Following Pontiff and Woodgate (2008) , net stock issuance is defined as the change in the natural log of split-adjusted shares outstanding.
ASSETG:
Assetg is quarterly asset growth rate. Following Cooper, Gluen, and Schill (2008), asset growth is defined as the growth rate of total assets, i.e., ΔATQ /ATQ.
ACCRUALS:
Accruals is calculated following Sloan (1996) .
TURNOVER:
Turnover is defined as the monthly average of daily trading volume over shares outstanding. Cakici, and Whitelaw (2011) . Individual preference index is a composite rank based on eight stock characteristics preferred by individual investors: 1) institutional ownership, the sum of percentage holdings by institutional investors with 13F filling; 2) Small trade percent, the ratio of total small trade volume over total trading volume for each stock in each month; 3) profitability rank, a composite rank based on five profit measures (earnings per share, roe, roa, net income, and gross profit); 4) size, the natural log of market capitalization; 5) price level, the absolute value of price; 6) idiosyncratic volatility, the standard error of the residual obtained by fitting a four-factor model to the previous six months' daily stock returns; 7) book-to-market ratio, book value of equity over market value of equity; 8) dividend payment, a dummy variable that equals one if the stock has paid dividend in the past twelve months. All accounting variables are quarterly updated and lagged for two months to ensure availability. Control variables include: market beta, constructed monthly using daily returns following Scholes (1977) and Dimson (1979) to take into account nonsynchronous trading; momentum, the cumulative return from the past twelve months; short-term reversal, proxied by return in the previous month; illiquid, the average ratio of the absolute daily stock returns to its dollar trading volume, as outlined by Amihud (2002) ; coskewness with market is constructed by daily return from the past 12 months; net stock issuance, the change in the natural log of split-adjusted shares outstanding; the growth rate of total assets; accruals following Sloan (1996) ; average daily turnover ratio within each month. The sample includes all common share stocks traded in NYSE, AMEX and NASDAQ and covers January 1976 to December 2014, expect for institutional ownership and small trade percent. Institutional ownership starts in January 1981. Small trade percent starts in 1993 and ends pre-2000 due to data availability, the introduction of decimalization, and growing use of computerized trading algorithms. Table 2 Double sorts on maximum daily returns and proxies for individual investors' preferences.
Maximum Daily Return Quintiles
This table shows the value-weighted average returns to portfolios double sorted on maximum daily returns within each month and three proxies for Table 5 Relation between maximum daily returns and subsequent trading behaviors.
This table shows the relation between maximum daily returns and subsequent trading behaviors. We first sort stocks into quintile portfolios based on maximum daily returns from the previous month. As outlined by Lee and Radhakrishna (2000), we partition trades into five bins according to trade size (dollar volume). Trades no more than $5,000 (small trades) are used as a proxy for individual investor trades, while trades greater than $50,000 (large trades) are used as a proxy for institutional trades. To account for changes in purchasing power over time, trade size bins are based on 1991 real dollars and adjusted using the Consumer Price Index. In Panel A, we report the average percentage of trading volume for each trade bin by MAX quintiles in the month subsequent to the sorting. In Panel B, we report the average percentage of buy-initiated trading volume for each trade bin by MAX quintiles in the month subsequent to the sorting. We infer each trade as buyer initiated following the procedure outlined in Lee and Ready (1991) . The sample starts in 1993 and ends in 2000 due to data availability, the introduction of decimalization and growing use of computerized trading algorithms. skewness is the return skewness for each stock from the past six months. In Panel B, idiosyncratic skewness is the skewness of the residual obtained by fitting a two-factor model to the daily stock returns time series, where the two factors are the excess market returns and the squared excess market returns, as outlined by Harvey and Siddique (2000) . Previous six months of daily returns are used to construct this measure. In Panel C, total skewness is the return skewness for each stock from the past twelve months. In Panel D, idiosyncratic skewness is also constructed following Harvey and Siddique but using daily returns from the previous twelve months. In Panel E, total skewness is the return skewness for each stocks from the past sixty months. In Panel F, idiosyncratic skewness is the skewness of the residual obtained by fitting Fama and French three-factor model to the daily stock returns from the past sixty months. In Panel G, expected idiosyncratic skewness is estimated from a cross-sectional model on lagged skewness and firm characteristics, following Boyer, Mitton, and Vorkink (2010 
